Narrative speech can provide a valuable source of information about an individual's linguistic abilities across lexical, syntactic, and pragmatic levels. However, analysis of narrative speech is typically done by hand, and is therefore extremely time-consuming. Use of automatic speech recognition (ASR) software could make this type of analysis more efficient and widely available. In this paper, we present the results of an initial attempt to use ASR technology to generate transcripts of spoken narratives from participants with semantic dementia (SD), progressive nonfluent aphasia (PNFA), and healthy controls. We extract text features from the transcripts and use these features, alone and in combination with acoustic features from the speech signals, to classify transcripts as patient versus control, and SD versus PNFA. Additionally, we generate artificially noisy transcripts by applying insertions, substitutions, and deletions to manually-transcribed data, allowing experiments to be conducted across a wider range of noise levels than are produced by a tuned ASR system. We find that reasonably good classification accuracies can be achieved by selecting appropriate features from the noisy transcripts. We also find that the choice of using ASR data or manually transcribed data as the training set can have a strong effect on the accuracy of the classifiers.
Introduction
Primary progressive aphasia (PPA) is a neurodegenerative disorder in which language is the most affected aspect of cognitive functioning. There are two main variants of PPA: progressive nonfluent aphasia (PNFA), in which speech is hesitant and effortful, and semantic dementia (SD), in which speech is fluent but with severe word findings difficulties [1] . A third subtype, logopenic progressive aphasia, has been identified in recent years but is not considered here.
The features of narrative speech in each variant of PPA have been characterized to some extent, but they are not yet fully understood. Evaluation of spoken output is an important part of diagnosis of PPA and in identification of the variant. From a clinical perspective, analysis of narrative speech has the advantage that it can provide a lot of information from a relatively brief assessment. A narrative speech sample can contain rich information about the speaker's ability to choose appropriate content and function words, construct sentences, and convey meaning. Systematic analysis of narrative speech is typically done manually, which is time-consuming and may be prohibitively expensive. The automated approach evaluated here has several advantages. For example, this method enables simultaneous consideration of multiple aspects of speech. Also, it should ultimately provide greater sensitivity to changes occurring in the earliest stages of disease, thereby facilitating early diagnosis. Similarly, it should provide objective measures of changes over time in language production, thereby enabling more accurate assessment of disease progression; this is important for patients and their families, as well as for evaluation of efficacy in drug trials (as potentially disease modifying drugs become available).
Fully automated analysis of narrative speech will require automatic speech recognition (ASR) in order to extract lexical and syntactic features from acoustic signals. Despite major improvements in ASR technology over the past few decades, accuracy for unrestricted (i.e., 'dictation-style') speech remains decidedly imperfect, as described in the next section. In order to estimate how effective a classifier of PPA and its subtypes might be when given textual transcripts derived from ASR, a wide range of potential system performances must be considered, to account for real-world variation. This research approximates various levels of ASR performance by randomly corrupting human transcripts according to pre-defined levels of error and compares these results against actual output from a leading commercial dictation system. Error levels are quantified by word-error rate (WER), which is the total number of erroneous insertions, deletions, and substitutions of words in an ASR transcript, divided by the total number of words in a reference transcript 1 . Simulated ASR errors have been used in various contexts, such as training dialogue systems [2] and for testing the safety of dictation systems for use in automobiles [3] .
Related Work
In general, the accuracy of ASR systems on elderly voices tends to decrease with the age of the speaker [4] . Elderly voices typically have increased breathiness, jitter, shimmer, and a decreased rate of speech [4] . Older speakers may also exhibit articulation difficulties, changes in fundamental frequency, and decreased voice intensity [5] . These factors can result in speech that is less intelligible to both human listeners and ASR systems. For example, Hakkani-Tur et al. [6] found that in automatic scoring of a speech-based cognitive test, their ASR system had a higher WER for healthy speakers over the age of 70 than for those under the age of 70, with WERs between 26.3% and 34.1% for the elderly speakers, depending on the task and the gender of the speaker, while the error rates ranged between 21.1% and 28.2% for the younger speakers.
Effective speech recognition can be further challenged by the presence of linguistic impairments such as those occurring in PPA. To our knowledge, there has only been one previous study on automatic speech recognition of PPA speakers. Peintner et al. [7] analyzed speech from patients with PNFA and SD as well as patients with a dementia affecting behavior and deportment, but not language. They achieved a WER of 37% for SD and 61% for PNFA. They also tested a control group, who had an average WER of 20%.
In this study, we use speech recognition as the input to a system that can analyze a spoken narrative and predict whether the speaker is cognitively normal or has a subtype of PPA. Peintner et al. [7] also attempted this task, although they did not report how the high error rates affected the lexical features studied or their classification accuracy. Other studies in this area have used manually transcribed transcripts [8] . One strategy which combines ASR technology with manual transcripts is to use forced-alignment with manual transcripts to measure acoustic features such as rate of speech and length of pauses [9, 10] . However, for a speech analysis system to be available online or as part of an in-home continuous monitoring system, there must be no reliance on manual transcriptions at the word-level, which forced-alignment requires.
Data

Narrative samples
Our data set comprises speech samples from 24 patients with PPA and 16 age-and education-matched controls. Of the 24 PPA patients, 14 were diagnosed with PNFA and 10 with SD. The speech samples were collected as part of a longitudinal study on language impairment in PPA in the Department of Speech-Language Pathology at the University of Toronto. See Table 1 for demographic information about the participants.
Narrative speech samples were elicited following the procedure described by Saffran et al. [11] . Participants were given a wordless picture book of the well-known fairy tale "Cinderella", and were asked to look through the book. The book was then removed, and participants were asked to tell the story in their own words.
The narrative samples were recorded on a digital audio recorder, and transcribed by trained research assistants. The manual transcriptions include filled pauses, repetitions, and false starts. Sentence boundaries were marked according to semantic, syntactic, and prosodic cues. The SD patients produced an average of 380 words and 20 sentences, the PNFA patients produced an average of 302 words and 16 sentences, and the control group produced an average of 403 words and 16 sentences. 
Text features
A number of features can be extracted from the text transcripts. Some of our features are based on the part-of-speech (POS) tags assigned by the Stanford tagger [12] . SD patients have been observed to produce proportionally fewer nouns and more verbs and pronouns, while PNFA patients tend to produce more nouns and fewer verbs [13, 14, 15] . PNFA patients also tend to omit function words, such as determiners or auxiliaries [13, 16] . We look up the frequency of each word in the SUBTL norms, which are derived from a large corpus of subtitles from film and television [17] . We calculate the average frequency over all words as well as specically for nouns and verbs. Similarly, we calculate the average familiarity, imageability, and age of acquisition of the words in each transcript using the combined Bristol norms and Gilhooly-Logie norms [18, 19] . Each word in these psycholinguistic databases has been ranked according to human perception of how familiar the word is, how easily the word evokes an image in the mind, and the approximate age at which a word is learned. Frequency, familiarity, imageability, and age of acquisition have all been found to influence speech production in aphasia [14, 20, 21, 22, 23] . The coverage of these norms on our data is variable. The frequency norms have excellent coverage -between 0.92 and 0.95 across the three groups on the manually transcribed data. The coverage for the familiarity, imageability, and age of acquisition norms is not as good, possibly due to the fact that the authors of the norms specifically excluded high frequency words [18] . The coverage for those norms ranges from 0.25 to 0.31 for all content words across the three groups for the manual transcripts.
From the transcripts we also measure such quantities as the average length of the words and the type-token ratio, as well as measures of fluency such as the number of filled pauses produced. We measure the combined occurrence of all filled pauses, as well as the individual counts for "um" and "uh", since it has been suggested that they may indicate different types of hesitation [24] .
In previous work using manual transcripts, researchers have also examined measures which can be derived from parse trees, such as Yngve depth, or the number and length of different syntactic constructions [8, 9] . However, such parse trees will depend on the location of the sentence boundaries in the transcript, the placement of which can be a difficult task for ASR systems [25] . Indeed, the Nuance system used here does not place punctuation except by explicit command. For the purposes of this preliminary study, we avoid using features which depend on accurate sentence boundaries.
Acoustic features
We follow the work of Pakhomov et al. [10] and measure pauseto-word ratio (i.e., the ratio of non-silent segments to silent segments longer than 150 ms), mean fundamental frequency (F0) and variance, total duration of speech, long pause count (> 0.4 ms), and short pause count (> 0.15 ms and < 0.4 ms). To this we add mean pause duration and phonation rate (the amount of the recording spent in voiced speech) [9] , as well as the mean and variance for the first 3 formants (F 1, F 2, F 3), mean instantaneous power, mean and maximum first autocorrelation function, skewness, kurtosis, zero-crossing rate, mean recurrence period density entropy (a method for measuring the periodicity of a signal, which has been applied to pathological speech generally [26] ), jitter [27] , and shimmer.
Slow, effortful speech is one of the core symptoms of PNFA, and apraxia of speech can be an early feature [1] . PNFA patients may make speech sound errors and exhibit disordered prosody [1, 28] . Similarly, typical F0 range and variance have been shown to be indicative of articulatory neuropathologies within the context of speech recognition [29, 30] . In contrast, speech production is generally spared in SD, although SD patients may produce long pauses as they search for words [13] .
Methods
ASR and simulated errors
We use two methods to produce errorful textual transcripts. The first method represents the current leader in commercial dictation software, Nuance Dragon NaturallySpeaking Premium; here, audio files are transcribed by Nuance's desktop dictation software. The second method corrupts human-produced transcripts according to pre-defined levels of WER; this method allows for an indirect approximation of the performance given a wide range of potential alternative ASR systems.
The Nuance Dragon NaturallySpeaking 12.5 Premium for 64-bit Windows dictation system (hereafter, 'Nuance') is based on traditional hidden Markov modeling of acoustics and, historically, on trigram language modeling [31] . This system is initialized with the default 'older voice' model suitable for individuals 65 years of age and older. The default vocabulary consists of 150,478 words, plus additional control phrases for use during normal desktop dictation (e.g., "new paragraph", "end of sentence"); this feature cannot be deactivated. The core vocabulary, however, can be changed. In order to get a more restricted vocabulary, all words used in our manually transcribed Cinderella data set plus all words used in a selection of 9 stories about Cinderella from the Gutenberg project (totalling 22,168 word tokens) were combined to form a reduced vocabulary of 2633 word types. Restricted vocabularies, by their nature, have higher random baselines and less phonemically confusable word pairs, usually resulting in proportionally higher accuracies in ASR. The Nuance system scales the language model to the reduced vocabulary.
For the simulated ASR transcripts, each word in the manual transcript is modified with a probability equal to the desired WER. In this set of experiments, we use a language model obtained from the Gigaword corpus [32] , since the Nuance language model is proprietary and not accessible to the user. A word w can be modified in one of three ways:
• Substitution -w is replaced with a new word wS.
• Insertion -w is followed be a new word wI .
• Deletion -w is removed.
In the case of insertion, the word to be inserted is chosen randomly according to the bigram distribution of the language model. That is, words that frequently occur after w are more likely to be chosen as wI . If w is not found in the Gigaword vocabulary, then wI is chosen randomly according to the unigram distribution of the language model. In the case of substitution, the new word is randomly chosen from a ranked list of words with minimal phonemic edit distance from the given word, as computed by the Levenshtein algorithm.
Once it has been determined that a word will be modified, it is assigned one of the above modifications according to a predefined distribution. . We then also adjust these proportions according to proportions observed in Nuance output, as described in Section 5.
Classification
We use stratified leave-one-out cross-validation to test our diagnostic classifiers. For each fold, one transcript is removed as test data. We then apply a simple feature selection algorithm to the remaining transcripts: we calculate a Welch's t-test for each feature individually and determine the significance of the difference between the groups on that feature. We then rank each feature by increasing p-value, and include as input to the classifier only the top ten most significant features in the list. For each fold, different training data is used and therefore different features may be prioritized in this manner. Similar methods for feature selection have been used in previous studies on the classification of dementia subtypes [7, 9, 33] .
Once the features have been selected, we train three types of classifier: naïve Bayes (NB), support vector machine with sequential minimal optimization (SVM), and random forests (RF). The classifiers are then tested with the same subset of features derived from the held-out transcript. This procedure is repeated for every transcript in the data set, and the average accuracy is computed.
We consider two classification tasks, PPA-vs.-control and SD-vs.-PNFA, since these binary tasks allow for less confusion than a trinary classification task and can be cascaded. For each task, there are two possible feature sets: text features only, or a combination of text and acoustic features. There are also two possible training sets for each task: i) the classifiers can be trained on the human-transcribed data and tested on the ASR data 2 , and ii) the classifiers are both trained and tested on the noisy ASR (or simulated ASR) data. We test our classifiers on each combination of these variables.
Results
Features and feature selection
First, we examine whether the feature selection method selects different types of features depending on the WER. It might be expected that as the WER increases, the text features will become less significant. Figure 1 shows the p-values, averaged across folds, for the text and acoustic features selected at each WER for each noise distribution. Note that the values of the acoustic features do not change with the noise levels, but the average p-value will change as different features are selected in each case, depending on the values of the text features. For the case of PPA versus controls, a mix of text and acoustic features are chosen, and the features tend to be significant at p < 0.05, even when the error rate is high. A combination of text and acoustic features are also selected for SD versus PNFA at all noise levels; however in this case the mean p-values are often not significant, suggesting that the features are not as discriminative between these groups. This effect is reflected in the lower classification accuracies for the SD versus PNFA task reported below. So, Figure 1 does not support the hypothesis that text features become irrelevant at the highest noise levels, but rather suggests that the transcripts still contain some information which is at least as valuable as the acoustic information in the speech signal. Some text features are still significant in the Nuance data as well, despite the high WER. Table 2 shows the text features that were significant (p < 0.05) when comparing PPA and controls using the two Nuance models. As before, since the feature set changes with each fold in the cross-validation, the p-value is an average across folds. The means for the two groups are also shown to indicate the direction of the difference. Using the default vocabulary, there are three significant text features: verb imageability, noun frequency, and noun familiarity. These three features are all significant in the manually-transcribed data as well, and with the same direction. For the system trained on the reduced vocabulary, there are five significant text features, as indicated, only one of which (noun imageability) is not significant in the manual transcripts. All five features show differences in the same direction. Table 3 shows that only noun familiarity and overall familiarity are significant in the SD vs. PNFA case using the default vocabulary system, as they are in the manually transcribed data, with the difference in the same direction. There are no significant text features using the reduced vocabulary system. The significant acoustic features for each classification task are shown in Tables 4 and 5 . These features remain the same regardless of the transcription method. For a complete discussion of the acoustic features of this data set, see [33] . Table 5 : Significant acoustic features (p < 0.05) for SD vs. PNFA.
5.2.
Recognizing PPA speech Table 6 shows the WER of the Nuance system across populations and vocabularies. Somewhat surprisingly, using the reduced vocabulary reduces accuracy considerably, despite all words in the test set being present in the vocabulary. A possible explanation may be found in the distribution of error types across the uses of both vocabularies, which is shown in table 7. In particular, when using the reduced vocabulary, Nuance makes significantly more deletion errors, which may be attributed to a lower confidence assigned to its word sequence hypotheses which in turn may be attributed to a language model that is not adapted to non-default vocabularies. A general language model may assign a high lexical probability to a series of words that are phonemically similar to an utterance but if those words are not in the reduced vocabulary, a more domainspecific sequence of words may be assigned a low lexical probability and therefore a low confidence. When confidence in a hypothesis is below some threshold, that hypothesis may not be returned, resulting in an increase in deletion errors. Not having access to these internals of the Nuance engine prohibits modification at this level. Another point to highlight is that, given Nuance's default vocabulary, there is no significant difference between the WER obtained with the control and PNFA groups (t(26.78) = −0.62, p = 0.54, CI = [−0. 16 , although the differences in Table 7 might seem large.
Diagnosing PPA and its subtypes
We evaluate the accuracy of diagnosing PPA and its subtypes based on the selected features across the three classification methods using the simulated ASR method. In practice, classification models might be trained on data that have been manually transcribed by humans (clinicians or otherwise). However, as the amount of data increases, this becomes less practical and it may become necessary to train these models from transcripts that were automatically generated from ASR. We replicate our experiments once on data that have been manually transcribed and once on the same data, but with transcripts corrupted by synthetic word errors (in which case the training data and test data have the same WER). Classifiers trained on human-produced transcripts have an average accuracy of 65.71% (σ = 12.42) and those trained on 'noisy' transcripts have an average accuracy of 70.72% (σ = 13.89), which is significant at heteroscedastic t(543) = −4.47, p < 0.00001, CI = [−0.072, −0.028]. These differences can be observed in Figure 2 . Interestingly, the classifiers trained with 'noisy' transcripts outperform those trained with 'clean' transcripts fairly consistently in the PPA vs. control task, but this is far less pronounced (and to some extent reversed) in the SD vs. PNFA task. This may be partially explained by a significant three-way interaction between WER, the task (i.e., the participant groups), and the training set (i.e., 'noisy' vs. 'clean') on a followup ANOVA (F (6) = 2.43, p < 0.05).
This trend is also apparent when the classifiers are tested using the Nuance transcripts. Figure 3 shows the classification accuracies for each classifier on each diagnostic task using the data generated using the default and reduced vocabularies. When classifiying PPA versus controls, training on the 'noisy' Nuance data always leads to equal or greater accuracies than training on the 'clean' (human-transcribed) data. For SD versus PNFA, the results are mixed, although the results from the reduced vocabulary suggest the opposite trend.
We compare the diagnostic accuracies across all classifiers given transcripts from Nuance using the reduced vocabulary with the accuracies of the synthetic WER method using the nearest WER (100%) and the associated error type distribution (i.e., 10% substitutions, 90% deletions, over all errors). We find no difference between results obtained with Nuance data and those obtained with the synthetic method (t(44.25) = 1.1072, p = 0.27, CI = [−0.04, 0.13]). We repeat this analysis with the default Nuance vocabulary and its equivalent synthetic WER (70%) and distribution (i.e., 40% substitution, 60% deletion) and again find no 
Discussion
Our goal is to provide assistive technologies, including diagnostic software, to various populations with pathological speech and language, including those with PPA. This study represents an initial step towards ASR for this population. One main result of this research is that fairly accurate diagnosis of PPA and of its subtypes can remain relatively accurate, even at very high levels of WER, by selecting appropriate features from the data at training time. Acoustic features are valuable, as they remain constant as the WER increases. However, our data suggest that some features from the text can still be informative, even when the transcripts are very noisy.
One important direction for future work is to improve ASR for clinical populations. Clearly, modern speech recognition has greater difficulty in recognizing PPA speech relative to speech the general elderly population, especially for individuals with SD. While more appropriate acoustic models built for olderadult voices will be important (based on available data), a focus on improving language modeling and the pruning of the lattices produced by hidden Markov models may be more fruitful if the cause of the pathology is semantic or lexical.
Another limitation of our approach is that the t-test method for feature selection does not consider interactions between features. In the future we would like to examine these interactions, particularly between text and acoustic features.
In this study we did not take into account any syntactic features, although agrammatism and/or syntactic simplification are characteristic of PNFA. Presumably, including information of this type could increase the classification accuracy. One approach would be to apply a sentence boundary detection algorithm to the ASR transcripts and extract traditional syntactic complexity measures (e.g. Yngve depth). Another approach would be to explore localized complexity metrics which do not depend on full sentence parses.
